English essay writing is a very essential skill for university students to master. This is particularly true for those non-English major students in China. Those students represent a large population of Chinese English as Second Language (ESL) learners and often do not receive timely written feedback on their writing from teachers since the size of their class is big. Therefore, it would be very useful if we can build an automated feedback tool for supporting writing. In order to understand the relationship between textual features and human teacher feedback, and how well those features were used for predicting feedback rating, we conducted a corpus analysis of 84 Chinese non-English majors' essays with teachers' feedback, by using Coh-Metrix, a computational linguistic tool, to extract rich semantic features from their writing. The study results demonstrated that teachers tend to give more local feedback, such as grammar and spelling, to Non-English majors. The local feedback are more predictable since the feedback was moderately correlated to some textual features (e.g. word count and frequency of content words were related to sentence diversity feedback). Consequently, this study is considered as a case study which should shed light on the construction of automated writing feedback tool for Non-English majors.
Introduction
In second language acquisition, the term feedback refers to the information given to learners which they can use to revise their interlanguage. Moreover, teacher feedback means any kind of feedback provided by the teacher which is intended to help students improve their writing, such as commentary and correction on grammatical errors and content of writing. Both teachers and students feel that teacher-written feedback is an important part of the writing process [1] - [3] . This is especially true for second language writing since the goal of second language writing is often to teach both the conventions of writing in a particular culture as well as second language grammatical forms [4] . Though second language writing teachers are aware of students' perceptions of written feedback and most try to give helpful feedback to their students, teachers may not be fully aware of how much feedback they give on local (i.e., spelling, grammar, and punctuation) and global (i.e., ideas, contents, and organization) issues nor whether the type of feedback they feel they should give adheres to their beliefs about written feedback.
Garcia [5] claims that feedback helps students to become aware of errors and other writing problems which they failed to notice or to do anything about when they handled in their drafts. Through feedback, the writer learns where he or she has misled or confused the reader by not supplying enough information, illogical organization, lack of development of ideas or something like inappropriate word choice or tense. Hyland [6] argues that students can certainly learn from their mistakes, but this depends on the teacher adopting feedback methods that encourage them to return to their work after it has been assessed.
Non-English major university students enjoy a large percentage among English learners in China. In general, their English skills are not as good as English majors. They need large amount of training to evaluate the skill of language using. In addition, the number of university English teachers is relatively small, and they have not enough time and energy to correct and score large numbers of English essays. Statistics show that the number of college students in China has soared to twenty-six million in 2013 [7] , accounting for the largest proportion of ESL learners worldwide. Since 1987, the writing test has become one important aspect of the College English testing in China. As for college students in China, college English has been an obligatory course to take. In a typical English course, students have to do 2-3 essay writing assignments and take 1 essay writing test in order to pass national English tests, such as College English Test (CET) 4 or Test for English-Major (TEM) 4. Essay writing is the last part of these tests. Novice writers need feedback to develop their writing skills; however, providing timely and meaningful feedback is time-consuming and expensive.
With the advanced development of information technology and natural language processing techniques, various numbers of automatic essay scoring (AES) systems have been proposed. Haswell [8] reviewed systems for automated feedback tracing back to the 1950s. These systems focused more on assessment of end products, and less on providing formative feedback [9] , [10] The Writer Workshop [11] and Editor [12] both focus on grammar and style. Sourcer's Apprentice Intelligent Feedback system (SAIF) [13] is a computer assisted essay writing tool used to detect plagiarism, uncited quotations, lack of citations, and limited content integration problems. The Glosser system [14] aims to support reflection in writing through trigger questions. It uses text mining algorithms to help learners think about issues such as coherence, topics, and concept visualization. However, Glosser only provides generic trigger questions. Liu et al. [15] , [16] investigated an automatic trigger question generation system which could support critical review writing.
The aim of this study is to investigate Non-English majors' essays with teacher comments. The primary goal of this study is to look at the frequent type of feedback used by human teachers and the relationship between the feedback and the textual features extracted by using the natural language processing techniques.
The rest of this paper is constructed as follows: Section 2 presents related work on feedback classification. Section 3 describes the study and discusses the results. Finally, Section 4 concludes this paper.
Relevant Work
In the past decades, the field of second language acquisition has seen the emergence of interest in feedback analysis. A large number of studies on ESL writing investigated teacher feedback, peer feedback and the mixed feedback. The teacher feedback point out the strengths of students' compositions and area of improvement and engage them in substantive revision. In addition, teachers encourage and challenge students to work on their writing, an act of communication, and an opportunity to learn to write better.
Summer Smith [17] conducted extensive research on the types of comments that teachers tend to give on students' papers. In the study, she classified teacher comments into three categories: judgmental comments, reader response comments, and coaching comments. Praise, criticism, and qualified negative evaluations belong to the first group. Problem-posing questions, heuristic questions, and reflective statements are classified to reader response comments. Finally, corrections, advice, and indirect response are classified as coaching comments. This classification helps us to define effective feedback templates.
Recent development in natural language processing techniques has made it possible for researchers to develop a wide range of sophisticated techniques that facilitate text analysis. Some tools, such as Coh-Metrix [18] , LIWC [19] and Gramulator [20] , are useful in this respect, and have certainly contributed to ESL knowledge [21] . Coh-Metrix is a powerful computational tool that provides over 100 indices of cohesion, syntactical complexity, connectives and other descriptive information about content [18] . Coh-Metrix has extensively been used to analyze the overall quality of writing [21] and one important aspect of writing quality, such as coherence [22] . For example, Crossley and McNamara found that computational indices related to text structure, semantic coherence, lexical sophistication, and grammatical complexity best explain human judgments of text coherence. This study focused on using Coh-Metrix to analyze more aspects of writing quality including, Supporting Ideas, Conclusion and Sentence Diversity.
The AES systems, such as Criterion [23] , can provide feedback on some aspects of writing including grammar, usage, mechanics, style, organization, development, lexical complexity and prompt-specific vocabulary usage. For example, the organization feedback type includes Background, Thesis, Main-point, Supporting ideas and Conclusion. The Criterion categories are more relevant to our case since we aim to generate corrective feedback on different aspects of ESL student writing.
Experiment
We conducted an empirical study in analyzing Chinese ESL college student essays with teachers' comments and the relationship between the teacher feedback and textual features. Section 3.1 describes the annotation process, where each essay is scored in different aspect, such as Grammar, Spelling, Coherence, Organization and Supporting Ideas. Section 3.2 shows the textual feature extraction process. Section 3.3 illustrates the relationship between the textual features and each feedback category, while section 3.4 examines the predictive strength of the features in explaining the score variance in the each feedback score. Our dataset containing 84 Non-English majors' essays with teachers' feedback was collected from a large university in China. Two experienced English teachers volunteered to rate the quality of the essays. They had at least five years of teaching composition course for English majors. Their first task was to identify the most frequent feedback type adapted from the standardized rubric used for grading college English. 9 frequent feedback categories were found, including Grammar, Spelling, Word Count, Sentence Diversity, Conclusion, Supporting Ideas, Organization, Coherence and Chinglish (See Appendix I). Table 1 shows that Grammar and Spelling categories were more frequent than others, while Conclusion, Sentence Diversity and Coherence were less frequent. We observed some feedback categories were similar to the Criterion categories, such as Grammar, Spelling and Supporting Ideas. But, the Chinglish Expression and Conclusion categories only appeared in our dataset.
Proposed Feedback Taxonomy
The teachers' second task was to give a score to each feedback category regarding to the rubric (See Appendix I) on a scale of 3. 1 means negative feedback on the category while 3 means positive feedback on the category. The Correlations between the raters are located in Table 1 . The raters had the highest correlations for judgments of Grammar, Word Count, Conclusion and Supporting Ideas and the lowest correlations for Chinglish Expression.
For further analysis, the dataset was randomly divided into training set (n=54) and testing set (n=30). A training set was used to identify which of the textual features most highly correlated with each feedback score. Moreover, the training set was used to train a multiple regression model to examine the amount of variance explained by each writing feature. The model was then applied to a test set to calculate the accuracy of the analysis.
Textual Feature Extraction
We used Coh-Metrix 3.0, which could retrieve 108 scores of textual features. More information can be found on the website (http://cohmetrix.Memphisedu/cohmetrixpr/index.html).
Descriptive indices: It includes the number of paragraphs, number of sentences, number of words, number of syllables in words, mean length of paragraphs etc.
Cohesion: Cohesion is a key aspect of understanding language discourse structure and how connections within a text influence cohesion and text comprehension [24] . Coh-Metrix employs referential cohesion including noun overlap, argument overlap, stem overlap, and LSA-based semantic overlap.
Sentence Complexity: The grammatical structure of a text is also an important indicator of human evaluations of text quality. Difficult syntactic constructions (syntactic complexity) include the use of embedded constituents, and are often dense, ambiguous, or Ungrammatical [18] . Syntactic complexity is also informed by the density of particular syntactic patterns, word types and phrase types.
Lexical sophistication: Lexical sophistication refers to the writer's use of advanced vocabulary and word choice to convey ideas. Lexical sophistication is captured by assessing the type and amount of information provided by the words in a text. Words are assessed in terms of rarity (frequency), abstractness (concreteness), evocation of sensory images (imagability), salience (familiarity), and number of associations (meaningfulness). Words can also vary in the number of senses they contain (polysemy) or levels they have in a conceptual hierarchy (hypernymy).
Moreover, we propose and extract 8 new features that are not available in Coh-Metrix. These features refer to characteristics of ESL learners' writing style and reflect on the importance of the introduction section, conclusion section and mechanics in errors including spelling errors and grammatical errors. In the database, each essay is stored as a plain text, where each line is a paragraph. We use Java API to extract the first line and last line text, as introduction and conclusion section respectively. For checking spelling errors, an open source spelling error checker, called LanguageTool (http://www.languagetool.org/), is employed to scan each word. For checking grammatical errors, the Link Grammar Parser [25] is used to check the grammar of a sentence based on natural language processing technology. If the link grammar could not generate links (relations between pairs of words) after parsing a sentence, this sentence would be considered as ungrammatical.
Number of words in Introduction: the total number of words in the first paragraph considered as the introduction section.
Number of words in Conclusion: the total number of words in the last paragraph considered as the conclusion section.
Introduction Portion: the ratios of number of words in introduction to the total number of words in the document.
Conclusion Portion: the ratios of number of words in conclusion to the total number of words in the Grammatical errors: the number of sentences with grammatical errors. We use the Link Grammar Parser [25] to check the grammar of a sentence, which is also widely used in ESL context.
Percentage of spelling errors: the ratios of the number of word spelling errors to the total number of words in the document.
Percentage of grammatical errors: the ratios of the number of sentence with grammatical errors to the total number of sentences in the document.
Therefore, there are totally 116 features extracted from each essay. Based on the system producing feature scores and the human annotators' score on each category, we used IBM SPSS for evaluating the Pearson correlation between textual features and each category. Over 30 textual features demonstrated significant correlations with the human ratings of each feedback category. Table 2 shows the Chinglish was more related to the number of grammatical errors occurred, the causal connectives and the first person plural pronoun incidence. The Coherence was correlated to causal connectives incidence and syntactic complexity. As expected, the Conclusion was more related to the features of conclusion portion and cohesion between adjacent paragraphs. We have not defined specific features which can detect the Supporting Ideas. However, some features, such as temporal connective and causal verb incidence, have shown their moderate correlations with the category of Supporting Ideas. As we had expected, the Grammar and Spelling were negatively related to the features of grammar error portion and spelling error portion. The Word Count was highly correlated to the number of words in an essay. Organization was correlated to the number of paragraphs and word count since the essays with only 1 or 2 paragraphs were given lower scores by human annotators since they did not have a clear essay structure, introduction, body and conclusion. Crossley and MacNamara [26] got the similar study results, where six features including the total number of paragraphs were significant predictors in the regression to the raters' organization evaluations.
Pearson Correlation
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Test Set Model
We used the training set to train a regression model for each feedback category and evaluated the model in testing set. Table 3 shows the performance of each regression model for predicting essay feedback ratings. It has been found that Word Count (r 2 =.568), Grammar (r 2 =.494) and Spelling feedback (r 2 =.439) were easier for prediction, since some textual features were correlated to those feedbacks. It also demonstrated that the combination of the textual features accounted for 56.8% of the variance in the word count evaluation of the 30 essays comprising the test set. On the other hand, Chinglish Expression, Supporting Ideas and Conclusion were difficult to predict since r 2 =.240, r 2 =.280 and r 2 =.284 respectively since the textual features were not correlated to those feedback ratings. 
Conclusion
Writing is one of the essential skills that university students should master. As to Non-English majors who are studying in ESL environment in China, teacher feedback is a vital form of language input and it has been an important component in writing instruction since the process approach to writing was introduced in the last 1970s. However, the normal English class size is big since it has more than 100 students in a class, so receiving timely and effective feedback from teachers is a challenging task.
With the advanced development of information technologies, particularly in natural language processing techniques, many automated essay evaluation tools have been proposed. But, most of them focus on giving holistic scores, rather than content-related feedback. Furthermore, some tools, such as E-rater, were designed for ESL students taking international English test, such as TOFEL. Those students normally have better English than ordinary ESL students. Thus, we conducted an empirical study to investigate the frequent feedback types and examine the feasibility of using existing natural language processing tools to automatically measure the feedback.
In the study, we collected 84 essays written by Non-English majors and some teachers' comments at a large university in China. Two English teachers first found 9 frequent feedback categories based on the teachers' comments. Some feedback categories are consistent with the Criterion category. Then, they gave a score on a scale of 1 to 3 to each feedback category of each student essay. The study results showed that the feedback had moderate correlations with some features extracted by using Coh-Metrix, a computational writing analysis tool, and some proposed new features. For example, Organization was correlated to the number of paragraphs and word count since the essays with only 1 or 2 paragraphs were given lower scores by human annotators since they did not have a clear essay structure, introduction, body and conclusion. Moreover, it has been found that some feedback, such as Word count, grammar and spelling, were more predictable. It indicated the feasibility of using existing NLP tools to measure the quality of feedback.
Our future work will focus on building an automatic essay feedback generation system. Specifically, we will investigate the feedback generation mechanism by using association rule mining algorithms. In
